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The purpose of this research paper is to investigate the influence of input parameters 
like audience demographics (viz. age, gender, smart device type), and the duration of 
campaign on its success, to help marketers effectively design and launch social media 
marketing campaigns. It is hypothesized that the selection of a specific target audience in 
terms of age, gender, and smart devices they use to interact with the ads has a positive 
influence on the success of a marketing campaign and the duration for which the campaign 
is run has an inverted U-relationship with its success.  
 
The social media platform chosen for this study is Facebook, since a large majority 
of the firms in the insurance industry run marketing campaigns on this platform. This could 
be attributed to Facebook’s popularity against other social media platforms like Twitter, 
Instagram, Snapchat, Google AdWords, and Pinterest. Another reason for selecting 
Facebook is that the data collected by Denim Labs, the company providing the data for this 
study, consists of campaign data run by Denim users on Facebook. This helps in narrowing 
the scope of the study but might also pose as a limitation to the generalization of the 
research results to social media platforms besides Facebook. It will be interesting to note 
if and how the results vary for firms outside the insurance. 
 




CHAPTER 1. INTRODUCTION 
 
Since the advent of social media to its explosive growth, the social media ecosystem 
has been bustling with ads from various industries all over the globe. Not to be left behind, 
the insurance industry has been riding the wave of success of social media platforms and 
utilizing their capabilities to the fullest. The last 2 years have been quite eventful for the 
US insurance industry. According to a study by Statista (Statista, n.d.), a company that 
provides statistics and data within 600 industries and 50+ countries, the top 10 US firms in 
the insurance industry spent a whopping 3.8 Billion USD just on advertising in 2017, and 
in 2018, mobile ad spending surpassed that of television for the first time. Another study 
by the same firm reported that out of the 224 million smartphone users in the US, 1 in 2 
users shop for insurance based on life events with a daily social media use of 2 hours on 
mobile. Capitalizing on this fact, more and more insurance firms are adhering to social 
media for advertising their insurance products.  
 
While the industry is spending billions on advertising, marketers in these firms are 
constantly challenged to design and launch social media campaigns with the right set of 
parameters to help the firms achieve a healthy return on investment (ROI). They are 
expected to understand the full breadth of all the output key performance indicators (KPIs) 
on various ad campaigns launched on various social media platforms and utilize that 
information to tweak input parameters to ensure that each campaign is successful, and ROI 
is maximized. To aid marketers to make right decisions, it is important to investigate the 
influence of input parameters like audience age, gender, their smart device preferences and 
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campaign length on its success so that they can be tweaked accordingly to achieve optimal 
results. 
 
Denim provides a proprietary platform for firms in insurance industry to run micro-
targeted and localized ads at scale through the agents’ and advisors’ Facebook pages in an 
easy and intuitive manner. Through the Denim platform, users can choose to select one of 
three campaign objectives- Awareness, Engagement or Conversion. The objective of a 
campaign helps the marketers set a concrete theme and decide on the content of the ads 
that run under it. Awareness, the first type of campaign objective, is usually selected if the 
marketers wish to publicize about new products or offerings and have a goal of just making 
the audience aware of the brand offerings. Engagement, the next type of campaign 
objective is usually selected if the marketers wish to target an already aware and interested 
audience with different products or services, that the audience may or may not necessarily 
know about. Conversion, the third type of campaign objective, is chosen by marketers who 
wish to motivate their engaged audience to buy their products or services. Apart from 
setting the campaign objective, Denim users can select and set several input parameters 
like type of audiences with respect to gender, age and smart device type who will receive 
the ad, ad creatives like text with images, or videos that comprise of the content of the ad, 
decide the budget and duration of the campaign, and finally decide the devices on which 
the ad should be shown and the areas of the screen on those devices where it should be 
shown. Once a campaign is launched, it is monitored closely by marketers to understand 
how various Key Performance Indicators (KPIs) like Cost Per Click, Click Through Rate, 
Relevance Score, Impressions, etc. change over the course of the campaign. All such data 
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points, including the campaign input parameters, are stored in the Denim Platform. At 
present, the stored data is still raw and inactivated i.e. it has not been analyzed in depth to 
reveal meaningful insights. This fact is the primary motivation for this research, which is 
focused on investigating what types of trends and patterns can be unearthed by studying 
the data. 
 
After analyzing how input parameters like audience demographics, and the length 
of a social media marketing campaign influence its outcome, the implementation of a 
model that predicts the impact of the input parameters is proposed. The model will then be 
utilized to automatically set the input parameters to optimal values each time an ad is being 
designed to maximize ROI. While the predictive modeling is out of scope for this research, 
there is interest in gauging the extent to which the model is able to aid marketers in 





CHAPTER 2. LITERATURE REVIEW 
 
With explosive growth in less than five years since its birth, social media has 
established itself as the media of choice for businesses across the world (Dong-Hun, 2010). 
Considering its rapid development, social media may become the most important media 
channel for brands to reach their clients in the near future (Mangold & Faulds, 2009; 
Korschun and Du, 2013). Already, in 2018, mobile ad spending surpassed that of television 
for the first time and this ad spending is projected to grow by 19 percent in 2019. Facebook 
tops the list of the most popular social media platform for advertisers, with 1.32 billion 
daily active users. Sensing the power of social media and Facebook’s popularity and wide 
user base, a lot of firms across different industries are increasingly using it for 
advertisements. While ads do influence the users to become aware of a brand, engage with 
its products and/or services and make purchase decisions, measuring the impact of 
advertisement is an important issue to be included in a global social media strategy (Lariscy 
et al., 2009).  
 
In the last couple of years, there has been considerable amount of research in the 
area of social media marketing. Several studies have focused on finding the relationships 
between online publications on social networks and the impact of such publications 
measured by users' interactions (Cvijikj et al., 2011). Several studies have also focused on 
gauging the impact of ads on users’ purchase behaviors. Most of these studies have dived 
deep on performing an evaluation of change in various metrics of social media campaigns 
after users have interacted with various ads. Some research studies have adopted the use of 
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data mining which provides an interesting approach for extracting predictive knowledge 
from raw data (Turban et al., 2011). Its application to social media has been studied, 
especially for evaluating market trends from users' inputs (Trainor et al., 2014).  
 
Marketers across the world are trying to understand their target audience and how 
they are influenced by ads in order to develop effective marketing strategies that provide 
the highest possible return on investment. Click prediction systems are central to most 
online advertising systems (Xinran et al, 2014) and click-stream models have been 
implemented to test the appeal of content by measuring the click-through rates (CTR) or 
website stickiness (Bucklin and Sismeiro, 2003). Mobile advertising Click-Through Rate 
(CTR) estimation has become a hot research direction in the field of computational 
advertising, which is used to achieve accurate advertisement delivery for the best benefits 
in the three-side game between media, advertisers, and audiences (Chen et al 2017).  
 
With the advent of Artificial Intelligence and Machine Learning combined with 
powerful predictive modelling, firms, and researchers in these firms are now looking to 
predict the right set of parameters to maximize the success of a campaign. An example of 
such a case is the Topix Facebook Ad Classifier, which can algorithmically determine how 
any given Facebook ad campaign will perform. According to Topix, their Ad Classifier 
uses a supervised machine learning algorithm that uses historical data to identify which set 
of categories, called “classes,” a new observation-- in this case, an ad campaign-- belongs 
to. The classes in Topix’s Facebook ad classifier are defined in terms of profitability: The 
goal is for the algorithm to recognize whether a specific ad campaign will be profitable or 
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unprofitable in the long run. The Topix Ad Classifier relies solely on profit margin or Cost 
Per Click and was implemented specifically to encourage people to view more content on 




CHAPTER 3. RESEARCH QUESTIONS AND HYPOTHESIS 
 
Considering all the prior research conducted in the area of social media marketing, 
this research study seeks to answer the following question: 
 
“How do input parameters like audience demographics (age, gender), their smart 
device preference and length of a social media marketing campaign influence the outcome 
of its success?” 
 
Suppose that an insurance firm based in Des Moines wants to advertise its auto 
insurance products on Facebook to people in Santa Cruz, California. The typical questions 
that would creep up in the mind of the marketers of that firm are (a) What demographics 
(age, gender, zip-codes) of the target audience should we set? (b) Should we use only text 
with images? Facebook’s new idea of using multiple images in a carousel like design seems 
to work like a charm, right? How about 10 or 20-second-long videos? They’re sure to grab 
eye-balls on Facebook, right? (c) Oh, and what about the optimal length of campaign? 
Would 2 weeks be good enough to create the required awareness? (d) Should we showcase 
our ads for all mobile and desktop users in the area? (e) What if we just show the ad in the 
Facebook news feed and right column of the intended audience? 
  
Data could suggest that when other firms advertised similar products to males and 
females between ages 20-45 using videos on mobile and in their Facebook news feed, their 
campaigns turned out to be most influential. Having the knowledge of what has happened 
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in the past to predict what the outcome of a micro-targeted campaign could be, will help 
marketers effectively answer a lot of questions in their mind and eventually help them make 
better decisions in designing and launching campaigns. 
 
Extending the research question posed in the above section, the following 2 
hypotheses for a social media campaign on Facebook are proposed - 
  
H1: Selection of a specific audience has a positive influence on the success of a 
social media marketing campaign  
H2: Campaign length has an inverted U-relationship with its success 
 
The research model in figure 1 outlines the proposed hypotheses by showing the 
effect of the independent variables on the outcome of the campaign.  
 
 




CHAPTER 4. RESEARCH METHODOLOGY 
 
One of the biggest challenges for a quantitative study is obtaining good quality data 
to study. For the purpose of this research, the data collected by the Denim Platform for 101 
campaigns run all over the United States of America on Facebook by 8 of Denim’s 
customers has been analyzed. This data contains several campaign attributes that describe 
the demographic information (viz. age, gender, regions) of the audience that was selected, 
the desktop and mobile device using which they interacted with the ads, text, image and 
video data of the ad creative that was selected, duration for which the campaign was run, 
and key performance indicators like cost per click, click through rate, reach, impressions, 
and frequency. The type and description of each variable is defined in Table 1 below. 
 
 
Variable Type Description 
Overall Campaign Output  Dependent The CPC/CTR of each campaign 
Age Range Independent The age range of the audience 
Gender Independent The gender of the audience 
Region Independent The area in which the audience resides 
Smart Device Type Independent The smart device type- mobile/tablet/desktop 
Text  Independent The text script used in an ad 
Image Independent The image/s used in an ad. This could be a 
single image, or multiple images organized in 
a catalogue, carousel or slideshow  
Video Independent The video/s used in an ad. This could be a 
single video, or multiple videos organized in 
a catalogue, carousel or slideshow  
Campaign Length Independent The duration for which the campaign is run 
Cost per click (CPC)  The average cost of each click from the ad 
over to your website 
Click through rate (CTR)  The percent of people who saw the ad and 
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clicked over to an opt-in page. 
Impressions  The total number of times an ad was shown 
Reach  The total number of people who saw the ad 
content 
Frequency  The average number of times each individual 
has seen the ad 
Amount Spent  Amount spent in running the ads so far. 
Ad Objective  The goal of the campaign viz. Awareness, 
Engagement or Conversion 
 
Table 1 Description of variables. 
 
The Click Through Rate (CTR) and Cost Per Click (CPC) are standard parameters to 
measure the success of a campaign. Facebook provides a breakdown of the contribution 
made by each independent variable to the overall CTR and CPC of the campaign. In the 
insurance industry, the average Facebook ad CTR is 0.56 and the average Facebook ad 
CPC is 3.77, according to Wordstream. The goal for any ad campaign is to increase the 
CTR thereby lowering the CPC. If the CTR number is low (below 0.56) or the CPC is high 
(above 3.77), either the ad creative is not compelling enough or the wrong audience was 
targeted, or the campaign was run for too long and people were turned off by the stale ads.  
 
For the purpose of this research, the threshold for campaign success was chosen as 
a CPC lower than 3.77 or CTR higher than 0.56 or both. Table 2 below details the success 





Is CPC lower than industry 
average? 
Is CTR greater than 
industry average? 
Is Campaign Successful 
Yes Yes Yes 
No Yes Yes 
Yes  No Yes 
No No No 
 
Table 2 Truth-False table for deeming a campaign as successful. 
 
A noteworthy observation is that all 101 campaigns powered by the Denim Platform were 
successful and hence, the entire data set provided by Denim labs was studied without 
exclusions or omissions prior to analysis. Tables 3.1 and 3.2 below represent the minimum, 
maximum and average values of CPC and CTR for the 101 campaigns- 
 
 
Table 3.1 Min, Max, and Average CPC for all campaigns. 
 
 













To determine the equation of the influence between the audience demographics, 
and the duration on the outcome of the campaign, a set of linear regressions were 
performed. The results of the regressions and data analysis are presented below. Each of 
the results are sectioned under the specific hypothesis that it seeks to defend/reject. 
 
Analysis for Hypothesis 1 
The first hypothesis proposed in the research and hypothesis section above was- 
H1: Selection of a specific audience has a positive influence on the success of a 
social media marketing campaign 
 




Overall Campaign CTR Dependent 
Breakdown of CTR due to Males and Females (respectively) Independent 
Breakdown of CTR due to audience in ages 18-24, 25-34, 35-44, 45-54, 
55-64, and 65+ (respectively) 
Independent 
Breakdown of CTR due to smart device type- android smartphone, 
android tablet, desktop, ipad, iphone, and ipod (respectively)  
Independent 
Overall Campaign CPC Dependent 
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Breakdown of CPC due to Males and Females (respectively) Independent 
Breakdown of CPC due to audience in ages 18-24, 25-34, 35-44, 45-54, 
55-64, and 65+ (respectively) 
Independent 
Breakdown of CPC due to smart device type- android smartphone, 
android tablet, desktop, ipad, iphone, and ipod (respectively)  
Independent 
Table 4  Description of parameters with their type used for linear regression. 
 
Further, a linear regression was conducted for each case of the breakdown of input 




(a) Using CTR as overall campaign output, the regression result shows that out of all 
the input parameters describing audience demographics, both genders- males and 
females- who are in the age range of 18-24 and who interacted with the ads on their 
android tablet and desktop explain the variability in CTR very well. This conclusion 
was derived by looking at the P-values of the regression results in areas where it 






Table 5  P-values of the significant input parameters that affect the overall campaign 
CTR. 
Out of the 14 input parameters, only 5 parameters appear to significantly explain the 
variability in the CTR of the campaigns. Figure 2 below represents the results of the 
complete linear regression. 
 











(b) Using CPC as overall campaign output, the regression result shows that out of all 
the input parameters describing audience demographics, both genders- males and 
females- who are in the age range of 25-34 and who interacted with the ads on their 
android smartphone explain the variability in CPC very well. This conclusion was 
derived by looking at the P-values of the regression results in areas where it was 
significant (i.e. P-value < 0.05). Table 6 below lists the various parameters and their 
P-values- 
 
Table 6  P-values of the significant input parameters that affect the overall campaign 
CPC. 
 
Out of the 14 input parameters, only 4 parameters can significantly explain the variability 










Figure 3  Full regression model of input parameters affecting variability in overall 
campaign CPC. 
The above results show that for an ad campaign to be successful, it’s ads should be 
targeted towards males and females in the age range of 18-24 and 25-34 and who use 
desktop or android smartphones and tablets to interact with ads on Facebook. It is 
surprising to know that users with android phones interact more with ads than those with 
iphones. The gender and age range results were expected as they include millennials, who 
are the biggest targets of the insurance firms to showcase ads.  
 
The overall results of both regressions provide support for the fact that selection of 
a specific audience has a positive influence on the success of a social media marketing 




Analysis for Hypothesis 2 
The second hypothesis proposed in the research and hypothesis section above was- 
H2: Campaign length has an inverted U-relationship with its success 
 
For analyzing data to support this hypothesis, campaign duration was studied against 
Overall campaign CTR and Overall campaign CPC, respectively. 
Parameter Type 
Overall Campaign CTR Dependent 
Breakdown of CTR due to campaign duration Independent 
Overall Campaign CPC Dependent 
Breakdown of CPC due to campaign duration Independent 
Table 7  Description of parameters with their type used for scattered chart plot. 
 
A scattered chart was plotted for each case of the breakdown of campaign duration’s 








Figure 4 Graph showing the Cost Per Click for duration of campaign. 
 
The CPC steeply spikes up to 2 from 0 for most campaigns in the first 3-4 days and then 
gradually falls to 1 when the campaign duration reaches a week. As the campaign 
progresses, the CPC keeps falling gently. Barring a few exceptions and outliers, the 
general shape of the CPC curve resembles an inverted-U. 


























Figure 5 Graph showing the Click Through Rate for duration of campaign. 
 
The CTR rises from 0 to 2 for most campaigns in the first 3-4 days and the spikes up to 5 
when the campaign duration reaches a week. The first week is the best time for the audience 
to see the ads since they are ‘fresh’ and full of ‘new content’ that the audience may like to 
interact with. As the campaign duration increases, the CTR starts falling from 5 to below 
2. This can be attributed to the fact that the ads become ‘stale’ and if the users have seen 
the ad once, they may choose not to interact with it again.   
 
The overall results of both plots provide support for the fact that campaign duration 
has an inverted-U relationship with the success of a social media marketing campaign. 
























Click Through Rate for duration of campaign
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CHAPTER 5. DISCUSSION, LIMITATION, FUTURE SCOPE 
 
Having knowledge of how the input parameters influence the success of a 
campaign, I anticipate that this study will assist the marketers working in firms in the 
insurance industry to set the right combination of input parameters to design successful 
campaigns. While the data of only some firms in the insurance industry (Denim’s 
customers) were in scope for this study, I believe the results can be extrapolated to apply 
to all firms in the insurance industry who choose to advertise on Facebook. The 
extrapolation must be done carefully though because sometimes the true effects of some 
campaigns may be realized in future campaigns when the same audience is retargeted. 
Since this effect is difficult to capture and measure, it could be a possible limitation of this 
research study. I have also considered the CPC and CTR to determine the success of a 
campaign. As Facebook remodels existing KPIs and introduces new ones, it will be 
interesting to observe how accurately the input parameters influence those KPIs. As next 
steps to this study, I would like to (a) implement a model that predicts the impact of the 
audience demographics and length of campaigns using metrics like Cost per Click, Click 
through Rate, Reach, Impressions, Relevance Score, Frequency (b) Measure the predictive 
power of the model by evaluating the difference between actual and predicted values (c) 
Assess the knowledge provided by the model to tweak different input parameters that 
influence each campaign. I hope that development of the predictive model will help Denim 
make better recommendations to its customers and consult non-customers. As Denim 
grows, it will be interesting to see how the results of this research study apply to firms 
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